Resting-state functional brain networks demonstrate dynamic changes at the scale of seconds. However, their genetic mechanisms and profound cognitive relevance remain less explored. We identified 459
Introduction
Over the last decade, researchers have tried to characterize and understand the dynamic changes of functional brain networks in both resting and task fMRI to shed new light on the dynamics of spatiotemporal organization of spontaneous or evoked brain activity 1, 2, 3, 4, 5, 6, 7 . The dynamic changes of brain networks are related to cognition 8, 9, 10, 11, 12, 13, 14, 15 and consciousness 16 are altered in various psychiatric disorders 17, 18, 19, 20 .
Whilst a considerable amount of work has been devoted to characterizing dynamic functional connectivity (FC) or network changes in spontaneous brain activity and connectivity, little attention has been paid to the underlying genetic mechanisms 21 .The most recent efforts to integrate transcriptomic data from the Allen Human Brain Atlas into fMRI studies focused on understanding the molecular basis of static functional brain organization or structure 22 . For example, gene expression profiles associated with regional BOLD or 7 temporal variability (see Fig. 1 and Supplemental Table 1 for details, and Supplemental Table 7 for the names of the regions and abbreviations). In contrast, the early visual cortex (V2, V3 and V5 V6, lateral occipital cortex), premotor and sensory motor cortex, as well as inferior and superior parietal cortex, including intra-parietal sulcus, had lower temporal variability.
Importantly, we found that the medial prefrontal cortex (PFC) demonstrates higher variability than the dorsal PFC. Ventral and medial PFC have reciprocal projections with olfactory circuitry, insular cortex and limbic brain areas, all having high temporal variability, while the lateral PFC interconnects with visual, auditory and somatosensory association cortices with low temporal variability. The medial or ventral PFC represents the internal world and is active in the resting-state, thus potentially demonstrating high variability. The lateral PFC, in contrast, represents the external world. Although the lateral PFC has less variability compared to the medial PFC in resting-state, we hypothesize that it will show higher variability in task-state owing to its flexible hub role 7 .
High variability in association cortex and limbic systems and low variability in unimodal sensory motor and visual areas were replicated in different scans in HCP data ( Figure 1B) , and also in UK Biobank datasets (Supplementary Table 2 ). The temporal variability demonstrates a high correlation between HCP data and UK Biobank data (>0.9, see Supplemental Table 2 ), across all brain regions (using AAL2 template).
These results indicate the reliability of temporal variability as a measure of dynamic FC changes.
Genes significantly correlated with dynamic functional connectivity changes of the brain
Temporal variability quantifies the dynamic changes of the functional connectivity profile associated with a given brain region, allowing for convenient association with whole-brain gene expression data. We correlated whole-brain topography of temporal variability with whole-brain transcriptomic profiles for about 20738 genes ( Fig. 2) and found 324 genes, the expression of which in the brain showed significant negative correlation, while 135 genes showed positive correlation (Bonferroni correction; see Fig. 3A and Supplemental Table 3 ). Gene Ontology (GO) analysis showed that negatively related genes are functionally enriched in 48 biological processes (Bonferroni correction) related to synaptic plasticity. These genes are mainly involved in cell signaling, such as ion transport (15 terms, including various cation, e.g., potassium and sodium, and anion transport), action potential and its propagation (5 terms), peptide and hormone secretion, and transport and regulation (12 terms) (see Fig. 3A and Supplemental Table 4 ). The most 9 significant term was multicellular organismal signaling (p=1.82e-8).
Meanwhile, the biological processes in which the positively related genes are enriched processes that are probably more related to structural plasticity including axonal development, guidance, axonal-and neurogenesis, and neuron differentiation (p<0.001, uncorrected) (see Fig.   3A and Supplemental Table 5 ), with the most significant biological processes being cGMP-mediated signaling (p=5.8E-5) which plays a role in regulating synaptic plasticity 33 .
We found that a notable number of genes, the expression of which is correlated with dynamic network changes and which were implicated in neuroplasticity and learning (see list in Fig. 3A 
Correlation between variability-related gene expression and age
To partly verify the identified genes whose expression was significantly correlated with temporal variability in the Allen Brain Atlas dataset, we also analyzed the change of these genes' expression with age using the Brain Span human development data. First, we found that the temporal variability of most brain regions demonstrated significant negative correlation with age ( Supplemental Table 6 ), most prominently in the hippocampus (Fig. 3B ). Second, for the genes identified in the Allen Brain Atlas dataset that are positively or negatively related to 1 1 variability, we calculated their mean expression each age category respectively within the BrainSpan dataset. We found that gene expression that was positively related to dynamic functional connectivity changes, significantly decreased with age. In contrast, whereas gene expression that was negatively related to dynamic functional connectivity changes, increased from infancy through to adulthood (see Fig. 3C for details).
These findings suggested that those genes in the Allen Brain Atlas dataset that were identified to be correlated with temporal variability were also correlated significantly with variability in the BrainSpan data demonstrated with similar age-related changes, which partly verifies the genes found in Allen Brain Atlas dataset. As plasticity reduces with aging 42 , these results also confirm the close relationship between dynamic functional connectivity changes, neuroplasticity and plasticity-related genes.
Short-term dynamic FC changes predict long-term learning outcomes
We tested whether current brain network variability is predictive of future learning outcomes in order to understand the cognitive significance of the temporal variability of functional connectivity changes. To determine this, we measured changes in cognitive scores following a period of training.
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The study assessed an aging cohort in a longitudinal cognitive training study 43, 44 . Our study included 26 subjects from the community (70.38 ± 3.30 yrs) who underwent training of multiple cognitive domains including memory, reasoning, problem-solving strategies, and visuospatial map-reading skills, for 1 hour twice a week for 12 weeks.
We measured the baseline level of temporal variability from resting-fMRI for each brain region and correlated this with the change in cognitive score after 12 weeks of training, as measured by the Repeatable Battery for the Assessment of Neuropsychological Status score (RBANS, Form A). 45 The RBANS is a widely used test for cognitive assessmenta . It includes a visuospatial/constructional index composed of a complex figure copy and judgment-of-line orientation task, and reflects a central cognitive ability. Of all 90 brain regions, only the baseline level variability of the right hippocampus showed a significant positive correlation with the change of visuospatial/constructional index (r=0.47, p= 0.01, FDR corrected).
Discussion
The dynamic changes of functional brain networks in spontaneous 47, 48, 49 . Although the precise mechanisms of dynamic brain network changes remain unclear, it is believed that brain network reconfiguration can be rapid and transient and related to cognitive ability or task performance 46 . At the molecular level, a recent work found consistency between the "dynamics" of functional connectivity calculated using calcium and hemodynamic signals, Dynamic FC changes are also intimately related to long-term plasticity processes, as we found that the baseline variability relative to functional connectivity of the hippocampus can predict changes in cognitive performance after 3 months of training for an aging cohort (see Fig. 4A and B). Learning and memory occur through modifications in the strength of neural circuits, or neuroplasticity, particularly in the Therefore, large variability facilitates preparation of functional brain networks for participation in processes involved in future learning.
As evidenced in our longitudinal cognitive training data, our gene association analysis additionally provides molecular evidence that explains why dynamic FC changes are predictive of long-term learning outcomes. We found that genes closely related to dynamic FC changes are mainly enriched in two forms of neuroplasticity processes (see Fig.   3A ). The first appears to be related to synaptic plasticity or short-term plasticity, for example, alterations in existing synapses, including synaptic transmission, neurotransmitters, receptors, and modulators. ( Consistently, we have identified most CAMs and proteins in our gene association analysis, e.g., ERBB2, CADM1, and VANGL (see and Supplemental Table 3 ).
Finally, we discuss the clinical implications of our findings. We have found that dynamic functional connectivity changes are related to extensive biological pathways implicated in neuroplasticity.
In summary, we explored dynamic functional brain network changes from genetic, neuroimaging and cognitive perspectives, and our results suggested that the biological processes underlying spontaneous dynamic FC changes in resting-fMRI involves both short-and long-term plasticity processes. This explains why fast-scale dynamic FC changes can predict long-term learning process at the molecular level. The temporal variability metric from resting-fMRI can be used in the future to quantify the level of neural plasticity and learning in a range of age groups and environmental contexts. Our study findings have important clinical implications in regard to early changes in plasticity in both healthy young people and the elderly, and in neurodevelopmental disorders and neurodegenerative diseases.
Methods fMRI data from HCP
For our analyses, we used data from the 900 Subjects Release (S900) of the Human Connectome Project (HCP). . The S900 collected 897 healthy adults from August 2012 to Spring 2015. Details can be found at 1 8 https://www.humanconnectome.org/study/hcp-young-adult/. Using multi-modal imaging data from the HCP and a machine learning method, we identified a multi-modal parcellation (MMP) consisting of 180 regions for each hemisphere 32 . We used the 210v (210-subject validation) group MMP parcellation (https://balsa.wustl.edu/88mp) in our analyses.
The 3T functional magnetic resonance imaging (rfMRI) data were acquired with a spatial resolution of 2 × 2 × 2 mm and temporal resolution of 0.7 s. The detailed acquisition protocol used for rfMRI data was comprehensively described in 57 . We used all four runs of fMRI data collected over the course of two sessions. For each session, the phase encoding of oblique axial acquisitions was obtained in a right-to-left (RL) direction in one run and in a left-to-right (LR) direction in the other run.
The number of subjects collected for each run varied from 828 to 870.
For all sessions, all the data from both phase-encoding runs were used to calculate temporal variability. 
fMRI data for longitudinal cognitive training
We calculated ܸ at a number of different window lengths (l=equal to 25, 26, 27…50 seconds) and then took the average value as the final variability. These window lengths were chosen because window sizes around 30-60 s lead to robust results for cognitive states 61 and topological descriptions of brain networks 62 . It should be noted that variability at different window length is highly correlated, indicating that the choice of window length is not crucial.
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Variability characterizes the flexibility of the regional functional architecture. It reflects the region's ability to reconfigure itself into different functional communities, or the flexibility in the functional integration/coordination with different neural systems. The larger the temporal variability of an ROI, the more different functional communities it will be involved in at different times.
Adult brain gene expression data and preprocessing
We used the gene expression data of six human brains from the Allen Human Brain Atlas (http://human. vertexes belong to in the corresponding ROI. We only analyzed samples in the left brain because among the six brains used to obtain the samples, only 2 had samples in the right brain. The gene expression profiles of each MMP region are the average gene expression of all samples mapped to the region. Brain regions having fewer than 5 AHBA samples mapped to it were filtered out in our subsequent analysis to ensure more reliable results. Finally, 74 regions in the left brain remained after these exclusion criteria were applied.
Developmental brain gene expression data
To characterize how brain expression of the gene (that are correlated with temporal variability of brain networks) changes with age, we used the developmental brain gene expression profiles in BrainSpan Atlas, also provided by the Allen Brain Atlas. We obtained the processed expression profiles by using the R package 'ABAData'. In total, 16 brain regions were sampled and analyzed in at least 20 age categories. Expression of a gene for a given brain region and developmental stage are the mean the expression value of all samples.
Association analysis between temporal variability and gene expression across brain regions
Correlation analysis was performed between temporal variability of 2 4
brain regions and corresponding gene expression to identify genes/biological pathways correlated to dynamic FC changes. That is, for each of the 20738 genes in the AHBA dataset, correlation analysis between regional gene expression and regional temporal variability was performed across all 74 brain regions. A gene is supposed to be significantly related to temporal variability if the corresponding correlation coefficient can pass the Bonferroni correction (p<0.05/20738) for each of the four fMRI runs. After identifying genes significantly related to temporal variability, we next 63 carried out gene enrichment analyses to identify the relevant biological pathways 63 . For each gene, e.g., the kth gene, we calculated the correlation coefficient between its expression in all brain regions and the corresponding temporal variability. Both expression and temporal variability in each brain region were averaged over the whole group of subjects. The correlation analysis was performed for each of the 4 fMRI scans, and those genes that passed the Bonferroni correction in each scan were kept for further analysis. B. Two genes, the expressions of which were most correlated with temporal variability, were shown with the corresponding 2 7 scatter plots. The most positively correlated gene is CPNE6 (r=0.6867), and the most negatively correlated gene is PLXDC1 (r=-0.7537).
Figure 3
Biological pathways for genes significantly correlated with temporal variability and changes of expression of these genes with age. A.
Biological pathways for genes positively and negatively correlated with temporal variability of functional brain networks. Some representative genes are also listed in the left column, and the full gene lists can be found in Supplemental table 3 
Supplemental Materials
Supplemental Table 1 The temporal variability for 360 brain regions from HCP_MMP1.0 parcellation. Resting-fMRI data from HCP were used, and group average results were presented.
Supplemental Table 2 The temporal variability of brain regions using AAL2 template from HCP data and UK Biobank data, respectively. A high correlation between regional variability from HCP and UK Biobank was found.
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Supplemental Table 3 Genes whose expressions were significantly correlated with dynamic functional connectivity changes in the brain (both positively-and negatively-correlated), Bonfferoni corrected.
Supplemental Table 4 Biological pathways identified for the genes significantly negatively correlated with temporal variability of functional brain networks, Bonfferoni corrected.
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